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Abstract-Positron emission tomography computed tomography (PET-CT) images are increasingly being used for guidance during percutaneous biopsy. However, due to the physics of image acquisition, PET-CT images are susceptible to problems due to respiratory and cardiac motion, leading to inaccurate tumor localization, shape distortion, and attenuation correction.
To address these problems, we present a method for motion correction that relies on respiratory gated CT images aligned using a deformable registration algorithm. In this work, we use two deformable registration algorithms and two optimization approaches for registering the CT images obtained over the respiratory cycle. The two algorithms are the BSpline and the symmetric forces Demons registration. In the first optmization approach, CT images at each time point are registered to a single reference time point. In the second approach, deformation maps are obtained to align each CT time point with its adjacent time point. These deformations are then composed to find the deformation with respect to a reference time point. We evaluate these two algorithms and optimization approaches using respiratory gated CT images obtained from 7 patients. Our results show that overall the BSpline registration algorithm with the reference optimization approach gives the best results.
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I. INTRODUCTION
P ERCUTANEOUS biopsy is a commonly performed procedure to distinguish between benign and malignant tissue. In this procedure, a biopsy needle is inserted through the skin to the target, typically using computed tomography (CT) images or ultrasound for guidance. Percutaneous biopsy subjects patients to a much lower risk than open surgical procedures.
However, CT guided percutaneous biopsy faces many challenges. CT imaging is unable to distinguish between benign and malignant tissue. Hence, CT imaging uses size criteria to predict cancer involvement in lymph nodes. Thus, use of CT imaging is associated with serial procedures and a corresponding increased radiation exposure for the patients. These serial procedures are needed to convincingly identify malignant lesions (defined by lesion growth) and effective tumor treatment response (defined as tumor size reduction or stability). Moreover, tumors are often heterogeneous in composition and so need multiple sampling attempts at different locations to obtain sufficient tissue for pathological evaluation. With advanced imaging and increased screening practices, tumors are being detected at an early stage and smaller size. Smaller lesion sizes lead to higher false negative biopsy results. Some lesions can be hard to see under CT and thus difficult to target by CT alone. Many of these challenges can be addressed by using a functionally active imaging modality like positron emission tomography (PET) [1] , [2] . By combining CT and PET, the strengths of anatomical and functional imaging can be combined to enable more effective biopsies.
PET/CT diagnostic and operational benefits can be gravely affected by respiratory motion artifacts. Unlike CT images, that are obtained within a breath-hold, PET images are acquired over 1-10 minutes for each table gantry position. Thus, PET images include imaging artifacts due to involuntary respiratory and cardiac motion. These motions lead to a discrepancy between the CT and PET data leading to errors in attenuation corrections needed for accurate PET imaging. Moreover, the blurred PET images can lead to inaccurate tumor localization, shape distortion, or poor biopsy guidance, potentially resulting in incorrect staging of the tumor [6] , [7] , [8] . In this paper, we describe an approach for PET/CT motion correction that relies on a deformable registration algorithm to sharpen the images which could enable more precise biopsies [3] .
Section II describes the details of our proposed approach for PET/CT motion correction relying on a deformable registration algorithm. In Section III, we present evaluation results of the registration algorithms using respiratory gated CT data obtained from consented patients. Finally, in Section IV, we discuss the results.
II. METHOD
Our proposed clinical workflow for PET/CT guided biopsy is shown in Fig. 1 . In this workflow, we first obtain the preoperative images in the PET-CT suite. A respiratory motion correction algorithm is then applied to these pre-operative PET/CT images. During the biopsy procedure, the intraoperative CT images are registered to the pre-operative CT images and the resulting deformation maps are then applied 978-1-4799-0534-8/13/$31.00 ©2013 IEEE to the motion-corrected PET images. These deformed PET images are then fused with the intra-operative CT images to provide tumor localization during biopsy.
In this paper, we present a respiratory motion-correction algorithm using respiratory gated CT images. This is an essential component of the workflow described in Fig. 1 . The motion correction algorithm proceeds as follows: 1) Apply a deformable registration algorithm to compute deformation maps for each 3D CT volume with respect to a reference in the 4D series. 2) Use the deformation maps computed in Step 1 to register each CT volume to the reference CT volume. This step will generate registered CT volumes. 3) Average the registered CT volumes to generate a single motion-free, high-quality (low noise) CT volume.
In the above algorithm, we use two optimization approaches and two registration algorithms for generating the deformation maps required in step 2. In the first optimization approach, hereon referred as the reference approach, each CT image is directly registered to the reference image to obtain the deformation map. In the second approach, hereon referred as the consecutive approach, we first find deformation maps by registering each CT image with an image from the adjacent time point. We use the B-spline and the demons algorithms for deformable registration. The deformation maps obtained by these methods are then composed to obtain the deformation with respect to the reference CT image. We now describe the formulation of the deformable registration algorithm.
Consider two images, the fixed image I F (x) and the moving image I M (x) each defined in their own spatial domain,
respectively. During registration, we try to find a transformation T (x) that will align the moving image to the fixed image. The transformation is a mapping
, that maps from the moving image to the fixed image. In order to align the two images, similarity metrics such as sum-of-square-distance and mutual information are used to evaluate the quality of the registration.
Registration is formulated as an optimization problem in which the cost function C is minimized with respect to the transformation T and is given by,T = arg min
whereT is the optimum transformation, I F and I M are the fixed and moving images, respectively, and C is the cost function given by
where S(.) is the similarity metric, and P (T ) is a penalty term for the transformation T . γ is a weighing factor that weighs similarity against penalty. In B-spline deformable registration, the transformation T is parameterized and the optimization in (1) becomesμ
where(µ) are the optimum B-spline parameters. The Bspline parameterization of the transformation T (x) is given by
with x k the control points, β 3 (x) the cubic multidimensional B-spline polynomial, p k the B-spline co-efficient vectors, σ the control point spacing, and N x the set of all control points within the compact support of the B-spline at x.
Unlike the B-spline optimization, the symmetric forces Demons algorithm is a non-parametric deformable registration algorithm that tries to optimize the global energy given by
where s is a non-parametric transformation that maps points p to s(p), Sim(I F , I M os) is a similarity function giving the similarity between the fixed image I F and the moving image I M after undergoing through the transformation s, and Reg(s) is a regularization function for the transformation s. To pose the demons algorithm as a well-posed optimization, the above equation is rewritten by using a hidden variable c given by
where we allow for a non-parametric transformation c which has some errors from the spatial transformation s. σ x allows for spatial uncertainty in the correspondences, dist(s, c) = ∥s − c∥, and Reg(s) = ∥∇s∥ 2 . This optimization problem can be solved very efficiently in two steps. In the first step, the first two terms of (6) are optimized with respect to c by assuming s is given, by starting from c=s. The second and third term can then be optimized with respect to s by assuming c is given. The second optimization is a closed form solution and can be shown to be a convolution by a Gaussian kernel when the regularization is quadratic and uniform. For symmetric registration framework the first two terms of (6) are rewritten as the following optmization
where s −1 is an inverse transformation. In the symmetric demons algorithm a forward and inverse update is computed at every iteration. The interested reader can refer to [12] , [11] , [13] for more details.
III. RESULTS
In this section, we present evaluation results of the two optimization approaches and two registration algorithms using the data described in Table I . Each dataset consisted of ten CT images obtained over the respiratory cycle. The 003 and 008 dataset also included five PET images obtained over the respiratory cycle that was phase-matched to five of the CT images. For these experiments we used the open-source Elastic library implementation of the B-spline registration algorithm and the itk implementation of the multi-resolution symmetric forces demons algorithm [4] , [10] . As described earlier, we used two optimization approaches to obtain the deformation maps: a) reference and; b) consecutive. For both these approaches, we used a reference time point mid-way between the two end-exhale points (T40). Fig. 2 shows a color blending of CT image at time point 0 with the reference time point before and after registration. The figure depicts a large mismatch between the two images before registration with the bulk of the mismatch at the outer edges of the lung. After registration, we see a significant reduction in the mismatch within the lungs and at its periphery. Registration also reduces the mismatch resulting from motion artifacts. When using the symmetric forces algorithm, the misregistration artifacts are almost completely absent. Fig. 3 shows PET/CT fusion in the absence and presence of motion correction. We see from the images that both registration algorithms and approaches give sharper CT images compared to the one obtained by averaging the unregistered images. However, at the bottom of the right lung the image is sharper in the images obtained by the reference approach as compared to the consecutive approach.
To quantitatively evaluate the registration results for each method, we used two approaches. In the first approach, for cases 003 and 008, we semi-automatically segmented the lung masks for each time point of the CT data. For cases P0-P4, the liver region was segmented. We then computed surface errors between the transformed lung and liver masks at each time point with the reference time point masks. We used the MeshValmet tool to compute these distances [9] . The surface errors were computed for the two registration algorithms and approaches and is presented in Table II . From the results, we see that the surface errors are lower for the reference approach as compared to the consecutive approach. This is because the multiple composition of transformations in the consecutive approach leads to aggregated surface errors at the lung and liver boundaries. The surface errors for the two registration algorithms for the reference approach are almost identical to each other. We also used the Dice coefficient metric to compare the transformed and reference point lung and liver masks and found that in 4 out of the 7 datasets, use of the BSpline algorithm with the reference approach improved performance as shown in Table III .
In the second quantitative evaluation, 10 landmarks, as described in Table IV , were manually marked in the CT data from each time point. Of these landmarks, the main carina and the bifurcation of the pulmonary artery could not be marked in the datasets P1 and P3. We then tabulated the errors in the landmark position at the reference time point and the corresponding transformed landmark point from another time point after undergoing the appropriate transformation. Fig. 4 shows the tabulated results in the form of a bar plot. In this figure, we see that in 6 out of the 10 landmarks, BSpline registered images using the reference approach gave the best results. Equivalent results are also obtained using the BSpline algorithm with the consecutive approach. However, the symmetric forces Demons algorithm gave the worst results. Origin of left renal vein 10
Origin of left renal artery
IV. CONCLUSIONS
We have presented our initial results from an experimental evaluation of two algorithms and registration approaches to combine gated CT data to obtain motion-free CT data. This is an essential component of the PET-CT guided biopsy workflow. By combining CT data from different time points by using deformable registration, we are able to successfully obtain motion-free CT data. Our results using segmented liver and lung surfaces and 10 landmark points show that using the BSpline algorithm with the reference approach gives the best overall results. In the future, we also plan to evaluate groupwise registration approach for generating the deformation maps [5] .
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